The standard workhorse for genomic analysis of the evolution of bacterial 20 populations is phylogenetic modelling of mutations in the core genome. 21
identifying the neighbours for each isolate in a data set using unsupervised 26 machine learning with stochastic neighbour embedding. PANINI is browser--27 based and integrates with the Microreact platform for rapid online visualisation 28 and exploration of both core and accessory genome evolutionary signals 29 together with relevant epidemiological, geographic, temporal and other 30 metadata. Several case studies with single--and multi--clone pneumococcal 31 populations are presented to demonstrate ability to identify biologically 32 important signals from gene content data. PANINI is available at 33 http://panini.wgsa.net/ and code at http://gitlab.com/cgps/panini 34 35 BACKGROUND 36 37
In less than a decade, bacterial population genomics has progressed from 38 sequencing of dozens to thousands of strains [1,2,3,4]. The biological insights 39 enabled by population genomics are particularly important in evolutionary 40 epidemiology, as the genome sequences provide high resolution data for the 41 estimation of transmission and evolutionary dynamics, including horizontal 42 transfer of virulence and resistance elements. Phylogenetic trees are the main 43 framework utilised for visualisation and exploration of population genomic data, 44 considering variation in gene content when investigating the ecological and 51 evolutionary processes leading to the observed data [6, 7] . 52 53
The rapidly increasing size of population genomic datasets calls for efficient 54 visualisation methods to explore patterns of relatedness based on core genomic 55 polymorphisms, accessory gene content, epidemiological, geographical and other 56 metadata. Here we introduce a framework that integrates within the web 57 application Microreact [5] , by utilising a popular unsupervised machine learning 58 technique for big data to infer neighbors of bacterial strains from accessory gene 59 content data and to efficiently visualize the resulting relationships. The machine 60 learning method, called t--SNE, has already gained widespread popularity for 61 exploring image, video and textual data [8, 9] , but has to our knowledge not yet 62 been utilized for bacterial population genomics. 63
To demonstrate utility within population genomics, firstly, we explore how the 101 method performs in a simulated setting, where the relationship between all 102 sequences is known and then extended our analysis to published bacterial 103 population data sets, allowing us to uncover previously unseen relationships 104 between data and to address important biological questions. 105 106
SIMULATED DATA 107
To our knowledge, this is the first time that the t--SNE projection method has 108 been used to explore patterns of genetic relatedness between different bacterial 109 isolates. We have therefore validated the methodology by assessing how well it 110 identifies neighbours and clusters for simulated genetic sequences. Firstly, we 111 randomly generated multiple synthetic datasets of related isolates, with each 112 defined as a sequence of present/absent genes. Each dataset is generated using 113 the following parameters: 114
1. There are 20 clusters as underlying subpopulations. 115 2. The number of isolates belonging to a cluster is drawn from a Poisson 116 distribution with mean 15. 117 3. Each cluster is defined by a number of core genes, which ranges uniformly 118 from 1 to 100. 119 4. Each isolate has a probability between 80% to 99% of independently carrying 120 each of the core genes of the cluster it belongs to. 121 5. Conversely, each isolate has a probability (PN) to independently carry each of 122 the non--core genes of its cluster. Non--core genes are composed of core genes of 123 other clusters and "noise" genes which are not defining characteristics of any Each generated dataset has on average 300 isolates with a gene content of 1300 127 genes present/absent on average. For each dataset, we estimated the genetic 128 pairwise Hamming distance (dH) and the distance using the t--SNE algorithm (dt). 129
The Hamming distance is simply the number of differences between two 130 sequences of equal length, which in this case refers to a gene being present in 131 one isolate but absent in the other. The implementation of the t--SNE algorithm 132 that we use yields a coordinate in a 2D plane for each isolate, and we calculate 133 the distance dt simply as the Euclidean distance for each pair of isolates. 134 135
If a cluster is sufficiently differentiable in terms of its gene content, we expect the 136
Hamming distance within the cluster to be smaller than to any other isolate not 137 belonging to it. For the t--SNE algorithm to be considered valid, it should be able 138 to project the isolates from the same cluster on the 2D plane sufficiently close 139 together so that the Euclidean distance within the cluster is smaller than to any 140 other isolate. Given the conditions that were used to generate the synthetic 141 datasets, not all clusters are necessarily differentiable in terms of their gene 142 content, therefore we classified the t--SNE algorithm as performing erroneously 143 only when a pair of isolates belonging to different cluster are not identified as 144 such by the algorithm but are correctly identified using the Hamming distance. 145
For high levels of noise, i.e. a large value of PN, differentiating the clusters using 146 their gene content becomes increasingly difficult as the isolates may lack a 147 sufficiently stable signal of relatedness. 148 0.001, 0.005 and 0.01, which measures the average proportion of non--core genes 151 in each isolate. We performed 100 repeats for each noise value, which for each 152 repeat involves generating on average 300 sequences and comparing almost 153 45000 pairs of isolates. The average error for the three noise values was 0.5%, 154 1% and 4% respectively, with a small error representing a particular isolate mis--155 allocated (i.e. very close to a different cluster) and a large error representing two 156 clusters which are not appropriately differentiated by the t--SNE algorithm, 157 illustrated in Figure 1 Figure 3B ). In some cases, these were consistent with the phylogeny. The 241 original analysis identified two independent entries of the lineage into Iceland, 242 clades IC1 and IC2, the latter of which contained many fewer isolates and was 243 clustered as IcA in the annotated output. By contrast, IC1 was distributed across 244 four clusters IcB--E, which did not correspond with clear clades in the phylogeny. 245
The difference between IcB and IcC is technical, rather than biological: all IcB 246 isolates were sequenced early in the project with 54 nt reads, whereas most IcC 247 isolates were sequenced with 75 nt reads. Unusually for pneumococci, the 248 isolates in both these groups were trilysogenic, carrying prophage similar to between dnaN and pth (att670), and within the comYC gene (attcomYC), 251 respectively; and a prophage isolated from 0211+13275, inserted at 252 with ML2 split up in a similar manner to the PMEN2 clade IC1. This was again 291 driven by the distribution of prophage sequence: group 1 isolates were free of 292 prophage, whereas group 2 isolates were infected with a 'group 2--type' 293 prophage, and group 3 isolates were infected with a similar, but distinct, 'group 294 3--type' prophage ( Figure  4B ). Clade ML2 isolates in group 4 were distinguished 295 by variation in another mobile genetic element, a phage--related chromosomal 296 island (PRCI), shared by most of the isolates. This PRCI was absent from these 297 assemblies, either because at least part of the element had been lost through 298 deletion, replacement with a related sequence (isolate 6259_1--15), or the 299 acquisition of a second, highly similar PRCI that prevented effective assembly of either (isolates 6237_8--12, 6237_8--13 and 6237_8--18). In this latter case, 301 mapping to the element was still evident. 302 303 A fifth group, which did not include any Maela isolates, corresponded to the 304 antibiotic--susceptible outgroup isolates. These differed through the absence of a 305 third type of mobile element, the Tn916 integrative and conjugative element, an 306 antibiotic resistance--encoding genomic island that was absent from these 307 'outgroup' isolates. Additionally, these bacteria shared two smaller genomic 308 islands, encoding putative lantibiotic biosynthesis and restriction--modification 309 operons, which were absent from the multidrug--resistant isolates. Variation in 310 other non--mobile element islands was also detectable. The group 1--19A 311 subcluster contained isolates of serotype 19A, produced through two 312 independent serotype switching recombinations at the capsule polysaccharide 313 synthesis (cps) locus that resulted in genotypes '19A ST320' and '19A ST236'. 314
These changes were responsible for allowing isolates to evade the seven valent 315 polysaccharide conjugate vaccine, which targeted the lineage's ancestral 316 serotype 19F, expressed by almost all the rest of the collection [12] . A smaller 317 serotype switching recombination, which did not replace the entire serotype--318 determining cps locus, generated the '19A ST271' isolates [12] . The smaller 319 associated change in gene content meant this isolate was not clearly 320 distinguished from the rest of group 1 ( Figure 4A ). 321 322
DISCUSSION 323
The rapid increase in sampling density of bacterial populations for 324 epidemiological and evolutionary studies highlights the need of combining traditional genomic markers, such as SNP loci and small insertions or deletions 326 in coding regions, with measures of difference in terms of gene content. As many 327 bacteria have varied accessory genomes, changes in the gene content can offer a 328 way to identify epidemiologically or evolutionarily important clues about the 329 evolutionary processes affecting a pathogen's spread. As we illustrated here, 330 such information is most useful when clustering is combined within a 331 phylogeographical approach, and visualized jointly in a seamless fashion 332 enabling the rapid interpretation of core and non--core clustering in the context 333 of where and when data were collected. 334 335
The t--SNE algorithm is a very efficient approach to cluster isolates based on their 336 gene content. In the simulated scenarios considering synthetic data, the errors in 337 clustering always remained small, either representing an isolate allocated to a 338 wrong cluster, or two clusters which were not appropriately differentiated. 339
However, this only occurred in simulations with the "noise" level much higher 340 than expected in nature. In general, what we defined as "core" genes in a cluster 341 rarely appear in isolates not belonging to the cluster, and if they do, it is typically 342 at much lower frequencies than those we considered. Furthermore, in our 343 synthetic datasets we formed clusters defined by as few as a single core gene. 344
These clusters with a limited number of core genes, combined with relatively 345 high levels of "noise", are in practice almost completely indistinguishable from 346 others, as illustrated in Figure 1 the other for the non--PCV7 type 19A polysaccharide. These are followed by two 488 similar prophage, one associated with group 2 isolates, the other with group 3 489 isolates; the similarity between these two viruses means there is extensive 490 mapping to both, even when an isolate only contains one of them. The PRCI 491 absent from the assemblies of group 4 isolates is next; mapping suggests this is 492 actually present in some, but PANINI nevertheless included them in this group 493 because the acquisition of a further, related PRCI prevented either assembling 494 accurately. This is followed by the Tn916 conjugative element, absent from the 495 group 5 isolates, which possess genomic islands encoding for the biosynthesis of 496 a lantibiotic and a restriction--modification system, included at the right--hand 
